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ABSTRACT Shear Horizontal (SH) guided waves have been extensively used to estimate and detect
defects in structures like plates and pipes. Depending on the frequency and plate thickness, more than
one guided-wave mode propagates, which renders signal interpretation complicated due to mode mixing
and complex behavior of each individual mode interacting with defects. This paper investigates the use of
machine learning models to analyse the two lowest order SH guided modes, for quantitative size estimation
and detection of corrosion-like defects in aluminium plates. The main contribution of the present work is
to show that mode separation through machine learning improves the effectiveness of predictive models.
Numerical simulations have been performed to generate time series for creating the estimators, while
experimental data have been used to validate them. We show that a full mode separation scheme decreased
the error rate of the final model by 30% and 67% in defect size estimation and detection respectively.
INDEX TERMS Corrosion-like defect, mode conversion, neural networks, SH guided waves, structural
health monitoring.
I. INTRODUCTION
Damage detection based on ultrasonic guided waves tech-
niques has shown great potential for non-destructive test-
ing (NDT) [1]–[9] and structural health monitoring (SHM)
[10]–[17] applications. Among the different types of guided
waves, shear horizontal (SH) guided waves are used widely,
due to their characteristics such as simple dispersion rela-
tions and the displacement profiles of the modes. They are
also unaffected by a non-viscous liquid in contact with the
waveguide’s surfaces, making them especially attractive for
inspection of pipes [1], [5]. SH guided waves can be gen-
erated by Electromagnetic Acoustic Transducers (EMATs)
[18], and can be used to detect defects from the scattered
field produced when a guided wave mode is incident upon
the defect [19]–[23].
The associate editor coordinating the review of this manuscript and
approving it for publication was Shuping He .
Depending on the product of the SH mode’s frequency and
thickness of the plate or pipe, several SH guided wave modes
can propagate. In such situations, when a single guided wave
mode impinges upon a defect, the scattered field can be com-
posed of several propagating modes, due to mode-conversion
[20], [24]–[31]. The intensity of each mode that is present
in the scattered field depends on the defect geometry. For
corrosion-like defects, where thickness has been reduced to
the extent that only the first two SH guided waves modes
are able to propagate, it has been shown that the reflected
and transmitted fields behave non-monotonically with defect
geometry parameters, such as depth and the angle of the
edge of the defect [20]. For higher-order modes, the non-
monotonicity is even more accentuated [31]. This phe-
nomenon complicates the interpretation of the received signal
for defect sizing when operating at a frequency that supports
several propagating modes. In addition to the non-trivial
behavior of mode conversion, several modes may arrive at the
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receiving transducer fairly close in time, producing a complex
signal due to interference [32]. Although it is possible to
detect the presence of the defect, which is useful for NDT
screening systems [1], mode conversion and mode mixing
make any accurate quantitative prediction of the defect size
impractical without resorting to advanced signal extraction
and interpretation techniques [20].
In this context, machine learning (ML) offers an advanced
signal processingmethod that can be applied to provide defect
size estimation, based on measurements related to guided
waves phenomena [33]. As raw physical measurements can
be hard to interpret [20], supervised learning paradigms can
be effectively applied when enough labeled data is available.
Predictive models based onML [34] are able to provide better
decision making, by decreasing false alarms and increasing
computational performance [35].
Many papers deal with the problem of defect estimation
using guided waves in different ways with ML, as described
in a recent review [14]. Dib et al. addressed a problem
of SHM using a network of piezoelectric sensors with
ensemble learning by consensus, where individual learners
with support vector machines use different sections of the
time-series measurements. The features are based in Fourier
transform coefficients, and experiments were carried out for
estimating impact defect types under varying environmen-
tal conditions [36]. Simulated and experimental data have
been used to train and test ML models respectively by
García-Gomez et al. [37]. The authors used time and fre-
quency domain feature engineering, feature selection with
evolutionary algorithms, and artificial neural network mod-
els for detecting defects in pipes. This structure was also
exploredwith a baseline extraction jointly with support vector
machines [38].
Only recently, deep learning (DL) [39] was applied to
SHM using guided waves. Its potential is great for this spe-
cific application, as it can automate the feature extraction
process, and can also deal with high dimensional datasets.
Melville et al. [40] employed convolutional neural networks
to estimate the damage level of a thin metal plate, emu-
lated by a steel washer, using full wavefield measured data.
DL is also explored with Lamb waves, in which, wavelet
coefficients are extracted and used as inputs of the mod-
els [41]. Moreover, Hesser et al. [42] have proposed an active
source localization to predict the impact position of a steel
ball in an aluminium plate, using numerical simulations to
train and experimental data to validate ML models. Finally,
Sun et al. [43] very recently proposed a damage classification
in plates, using DL architectures jointly with SH guided
waves. Three types of defects, namely, pinhole, crack, and
flat-bottomed corrosion–like thinning, were examined in six
different depths. In order to overcome the overlapping modes
in the received signals, they adopted a variational mode
decomposition to identify the signal components related to
the modes, which facilitates time-of-flight determination and
consequently, the position of the defect and plate thick-
ness. However, the results were not very precise from a
regression perspective; they explored simple architectures
such as shallow or dense neural networks, which did not
provide very good results, and also DL architectures, where
the results were better.
A. CONTRIBUTIONS
In relation to recently published research into ML applied to
damage evaluation with guided waves, the main contributions
of this work are as follows:
1) Improvement of ML model results is obtained when
applying a mode separation method to the guided
waves signals, providing richer information on the
defect. The procedure yields better estimation capabil-
ity when applied to measured data. It is worth noting
that a variational mode decomposition that is able to
discriminate the signal component related to eachmode
has been used before [43], but that technique did not
provide a precise extraction of the individual modes
waveform, unlike the one adopted in this paper, and
how the adopted mode decomposition acts as a facil-
itator in the ML pipeline was not assessed in previous
work.
2) A damage estimation baseline-free data-driven model.
The present method is baseline-free, in the sense that
it does not depend upon pre-processing of all available
data based on a comparison or subtraction of a nomi-
nal signal, which is a common procedure used in the
literature [44]–[46].
3) Precise target variables for corrosion-like defect esti-
mation. Specifically, we opted to generate continuous
classification damage indices. In general, finer-grained
damage indices such as the ones devised here are pre-
ferred, as they provide a greater amount of information
for the decision-maker.
4) Adopting simulated signals in the construction of ML
models and experimental signals for validation. This
strategy is important since it avoids expensivemeasure-
ment campaigns, and provides an effective means for
creating datasets [37], [42].
In summary, this work is comprised of a method to detect and
estimate corrosion-like defects in aluminium plates, based
on using SH guided waves. The process is further improved
by adopting a guided wave mode separation scheme, either
in transmission or reception. The ML model was trained
with simulated signals, obtained with a Finite Element Model
(FEM), and then tested with experimental signals. The full
mode separation scheme decreased the error rate of the final
model. The overall data-driven modeling workflow is sum-
marized in Fig. 1.
B. PAPER ORGANIZATION
The remainder of this paper is organized as follows. Section II
reviews the basic concepts of SH guided waves, while
in Section III the test bench is described, as well as
the experimental procedure and measured data. The defect
estimation method herein proposed and the results are given,
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FIGURE 1. Overview of the modeling workflow solution adopted. Note that the simulated data is used in order to create the model, while the
experiments are used to validate it. This workflow is general and may be replicated in other cases, where high fidelity computational models are
available and a number of cases can be computed in a feasible time.
respectively, in Sections IV and V. The conclusions and
suggested future work are highlighted in Section VI.
II. SH GUIDED WAVES IN PLATES
Shear horizontal guided waves in plates have in-plane polar-
ized vibration, parallel to the surface of the plate, and per-
pendicular to the direction of propagation [47]. Adopting the
coordinate system shown in Fig. 2, for an isotropic homoge-
neous plate, SH guidedwaves propagate along the x-direction
and the displacement field is polarized in the z-direction.
FIGURE 2. Plate and defect geometry. Generation is imposed at the origin
and reception is either before and after the defect, in position (1) and (2)
respectively. The corrosion severity is evaluated based on the relative
area of the defect, which is dependent on d and α.
There are, potentially, infinite SH guided waves modes.
Each mode has a different phase and group speed and mode
displacement profile through the thickness of the sample,
which is how the mode’s displacement field varies along the
y-coordinate within the plate, i.e−h/2 ≤ y ≤ h/2, where h is




cos(nπy/h), n = {0, 2, 4, . . .} (1a)
sin(nπy/h), n = {1, 3, 5, . . .} (1b)
where n is the mode order. Note that in (1), even-order modes
have a symmetric profile across the plate thickness, whereas
odd-order modes are antisymmetric. On flat plates, the fun-
damental zero-order SH0 mode has a constant displacement
along y and a phase and group speed equal to the medium’s
bulk shear (or transverse) wave speed, cT for all frequencies,
i.e. it is non-dispersive. All higher-order modes can propagate
only for a frequency-thickness product above their respective
cut-off values, given by
(fh)cut-off = n cT
/
2 , (2)
and their phase speed, c, depends on the frequency. The phase
speed dispersion curves for the first three SH modes in an
8 mm thick aluminium plate are shown in Fig. 3.
If the operating frequency-thickness product is below
the cut-off of the first-order mode, SH1, one operates
in the low frequency-thickness regime, where only the
SH0 mode can propagate. Otherwise, one operates in the
high frequency-thickness regime [29], [30]. In the low
frequency-thickness regime, when the SH0 mode impinges
upon a corrosion-like defect, such as the thinning region
shown in Fig. 2, part of it is reflected back and part of
it is transmitted through the thinner region. On the other
hand, in the high frequency-thickness regime, when anymode
interacts with such a defect, there is mode conversion in either
reflection or transmission [31]. This means that the received
signal may be complex, due to the interference of several
modes [32]. Additionally, in the high frequency-thickness
regime, the transmission and reflection coefficients do
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not behave monotonically [31], [48], as opposed to the
low frequency-thickness regime [2]–[4], therefore rendering
defect sizing difficult.
SH waves can be generated and received by periodic per-
manent magnet (PPM) electromagnetic acoustic transducers
(EMAT) [49]–[51]. PPM EMATs impose a nominal wave-
length, λ, on the generated SH waves. The frequency of
the wave is imposed by the time-varying characteristics of
the electric current pulse. Therefore, one can, in principle,
select which mode is generated by matching its wavelength,
or phase speed, at a specific frequency [50], since these
parameters are related by c = λf . Fig. 3 shows the line
of 10 mm constant wavelength superposed on the SH disper-
sion curves. The frequency at which the dispersion curve of
a mode of interest intersects the wavelength line, defines the
optimum frequency to generate this specificmode. In the case
illustrated in the Fig. 3, on this particular plate, the optimum
operating frequency to generate the SH0 and SH1 modes are
311 kHz and 367 kHz, respectively.
FIGURE 3. Phase speed dispersion curves for SH guided waves in an
8 mm thick aluminium plate. The dotted line corresponds to a 10 mm
nominal wavelength. The continuous closed lines represent the -6 dB
border of the operating region of 3 a cycle PPM EMAT, driven by an
8 cycle tone-burst at 311 kHz (black line) and 367 kHz (gray line).
However, due to the finite size of the PPM EMAT, there
is a bandwidth of excitable wavelengths, instead of a sin-
gle wavelength. The same holds for the frequency, since,
usually, a tone-burst current is injected into the coil, which
has a finite frequency bandwidth. This means that, even if
the target frequency and wavelength to generate a specific
mode are selected, other SH modes can be generated, if their
dispersion curves cross the transducer operating region. The
operating region is the locus defined by the intersection of
both bandwidths [1], [20]. Fig. 3 shows the -6 dB border of
the operating regions of a 3 cycle PPM EMAT, driven by
an 8 cycle tone-burst at 311 kHz and 367 kHz. As can be
seen, in this case, when attempting to generate the SH0mode,
the SH1 mode is also generated with non-negligible intensity,
since it lies within the operating region of the SH0 mode.
The same holds true for generating the SH1 mode. Mode
selectivity can be enhanced by using some kind of mode
separation [52]–[55].
III. CASE STUDY
In this paper, signals due to the interaction of SH guided
waves in an aluminium plate with wall thinning defects were
used to extract features for a ML model, used to estimate the
corrosion-like defect severity. The setup follows [20], [48].
The geometry of the plate can be observed in Fig. 2. The plate
is 8 mm thick with a 150 mm long thinning region starting at
182 mm from the origin, where transmission occurs. Either
its depth (d) and edge angle (α) were varied. Reception is
performed either before the defect or after it, at positions (1)
or (2) in Fig. 2, respectively.
Numerical data were obtained by means of a commercial,
time-domain, Finite Element Method (FEM) solver, OnScale
SolveTM (former PZFlex c©), which allows simulation of SH
waves in a two-dimensional model. SH waves in the FEM
model were excited, mimicking the spatial force distribution
produced by a PPM EMAT. This was performed by imposing
a spatial force distribution with a 10 mm period and the
same number of cycles as the EMAT to the surface of the
model in the direction of the polarization of the SH waves,
i.e., perpendicular to the propagation direction parallel to
the plates’ surface. Forces are then modulated by the same
time history as the exciting current applied to the EMATs
in experiments. This approach allows the generation of SH
guided waves, without the need for including the EMAT in
the model, as validated previously [1], [20], [31], [32], [51],
where the high-representability of the simulated and exper-
imental signals were verified. The excitation forces were
applied either in the top or bottom surfaces, in order to pro-
vide enough signals for the mode separation procedure. The
material density was set to 2698 kg/m3, and the transverse
wave speed equal to 3111m/s. A mesh with 50 elements per
wavelength was used. Due to the variation of α and d (see
Fig. 2), the dataset created has approximately 1230 defect
cases, which were generated in an almost automatic fashion,
while in the experiment any new sample requires complicated
machining for specimen thinning.
Experimental data were acquired using a RITEC 
RPR-
4000 Pulser/Receiver, connected to PPMEMATswith 10mm
nominal wavelength from Sonemat Ltd, used as transmitter
and receiver. The signal from the receiver EMAT is amplified
and then acquired with an oscilloscope linked to a computer.
The test samples were 800 mm long and 250 mm wide
plates. The experiment was carried with 34 samples, one
instance is the nominal condition (without defect) and the
other 33 samples with variations of α (10◦, 45◦, and 90◦) and
d (1 mm, 2 mm, 3 mm,. . . , 7 mm), with α = 55◦ varying d
(2 mm, 3mm,. . . , 7 mm), plus six additional samples, namely,
d = 6 mm at α = 25◦, 30◦ and 35◦ and d = 7 mm at α =
25◦, 30◦ and 65◦. These sample geometries were also used in
previous work for comparison [20], [48]. The excitation pulse
was set to an 8 cycle tone burst at either 311 kHz or 367 kHz,
in order to predominantly generate the SH0 or SH1 modes,
at a 10 mm nominal wavelength, respectively. Both modes
can be generated and received in this case. Thus, in this paper,
we assess whether mode separation further improves the ML
model accuracy.
In order to separate the SH0 and SH1 modes,
we adopted dual transduction in either transmission or
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reflection [56], [57]. Dual excitation consists of positioning
transmitter transducers on both the upper and lower surfaces
of the plate at the same longitudinal position. If the forces
imposed by both transducers are in-phase, resp. out-of-phase,
then only symmetric, resp. anti-symmetric modes are gener-
ated. As explained in [56], both arrangements of these forces
can be obtained by connecting two EMATs in series, in direct
or reverse polarity. Alternatively, one can add or subtract the
response signal as follows:
uS = (uT + uB)
/
2 , (3a)
uA = (uT − uB)
/
2 , (3b)
where u is the signal of interest, the subscripts S and A are
for the symmetric and antisymmetric parts respectively, and
the subscripts T and B stand for generation taking place at
the top or bottom surfaces, respectively. Equation (3) also
holds for reception: by properly combining the signals from
receivers in both surfaces, symmetric or antisymmetricmodes
are separated in the received time-domain.
This procedure can be applied to the transmission step
alone, here called mode-separation in transmission, where a
pure mode, whether SH0 or SH1, is generated at its respec-
tive optimum frequency. It can also be applied in both the
transmission and reception of the signals, namely fully mode-
separation. Therefore a pure mode is generated, and mode
mixing originated in reflection or transmission through the
defect is extinguished. Additionally, no mode separation was
also adopted as a reference. This case consists of the most
common situation, where there are just one transmitter and
one receiver, positioned on one of the surfaces of the plate.
It is referred to here as the raw signals or non-separated case.
The mode-separation technique described here requires
access both surfaces of the plate, with the correct alignment
between the position of the upper and lower transducers.
A detailed assessment of the technique is presented in [56].
Other strategies for mode separation and selectivity do exist
such as [43], [52]–[55] that may impose less restrictive mea-
surement conditions, but, on the other hand, may require
additional processing or a more complicated excitation pro-
cedure. The main goal here is to assess whether being able
to distinguish the signals, and the corresponding features,
associated with the possible propagating modes in the high-
frequency-thickness regime, leads to improved performance
of the defect sizing estimation procedure.
The fully mode-separated signals for a purely generated
SH1mode are shown in Fig. 4, for numerically simulated sig-
nals. The thicker black line indicates the non-defective plate,
and the different grey-scale lines indicate signals obtained for
different defect severities, where a lighter color corresponds
to a more severe defect (greater relative area), and a darker
color corresponds to a less severe defect; the color-severity
relation is described by the color bar. Fig. 4(a) shows the
SH1 reception before the defect, position (1), at around 50µs
one can see the direct pulse is the same for all cases, since this
first pulse does not interact with the defect. At around 90µs,
FIGURE 4. Simulated fully mode-separation signals for purely
SH1 generated at 367 kHz. Reception of the separated SH1 mode (a) and
(b) and separated SH0 mode (c) and (d). Reception before the defect,
at position (1), (a) and (c) and after the defect, position (2), (b) and (d).
The severity of the defects is given by the color bar.
the reflected SH1 is observable, which is different for the
several defect cases, due to the interaction of different defect
geometries. The amplitude of the reflected signals varies con-
siderably, depending on the defect geometry; in some cases
reaching amplitudes almost as high as the incident signal, due
to the phenomenon of total reflection [20], [27], [28], for very
low edge angle thinning, even for defects that are not very
deep, and thus presenting moderate severity. Fig. 4(b) shows
the SH1 after the defect, position (2), showing differences for
several geometries used. Fig. 4(c) and (d) show the separated
SH0 in reception due to the pure SH1 transmission, for posi-
tions (1) and (2), respectively. As can be seen, there is no
direct pulse around 50µs in position (1), since the SH0 mode
is not generated. Similarly, reflected and transmitted signals
differ for each defect geometry.
Similar signals were obtained for the experimental setup.
These are shown in Fig. 5. One can see that, in this case,
the direct pulse, around 50µs in Fig. 5(a), has slight phase
differences, due to the experimental positioning error among
experiments. There is some non-zero signal at this time inter-
val for the SH0 separated in reception, shown in Fig. 5(c).
The latter also shows features due to positioning errors, which
more severely affects selecting the mode with opposite polar-
ization, as explained in [56]. One can also observe that for
FIGURE 5. Experimental fully mode-separation signals for purely
SH1 generated at 367 kHz. Reception of the separated SH1 mode (a) and
(b) and separated SH0 mode (c) and (d). Reception before the defect,
at position (1), (a) and (c) and after the defect, position (2), (b) and (d).
The severity of the defects is given by the color bar.
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early times, the direct pulse is affected by interference from
the high-power excitation signal applied to the EMAT, which
is not present in the numerical simulation.
Mode-separation in transmission signals are shown
in Fig. 6 and 7 for simulation and experiments, respectively.
In this case, a high purity SH1 mode is still generated, but
the reflected and transmitted signals have both SH0 and
SH1 modes which interfere. Finally, when no mode sepa-
ration procedure is adopted, non-separated modes signals
are obtained, as depicted in Fig. 8 and 9 for simulation and
experiments, respectively. As can be seen, the shape of the
direct pulse differs from previous cases, since the SH1 mode
is not the only mode generated.
FIGURE 6. Simulated mode-separation in transmission signals generated
at 367 kHz. Reception before the defect, at position (1), (a) and after the
defect, position (2), (b). The severity of the defects is given by the color
bar. Note that the mode-separation in transmission signals result in a
single received signal at each position.
FIGURE 7. Experimental mode-separation in transmission signals
generated at 367 kHz. The color bar represents the severity of each
defect. Reception before the defect, at position (1), (a) and after the
defect, position (2), (b).
FIGURE 8. Simulated non-separated modes signals generated at 367 kHz.
Reception before the defect, at position (1), (a) and after the defect,
position (2), (b). The color bar represents the severity of the defects.
FIGURE 9. Experimental non-separated modes signals generated at
367 kHz. Reception before the defect, at position (1), (a) and after the
defect, position (2), (b). The severity of the defects is represented by the
color bar.
It is worth noting that either non-separated modes ormode-
separation in transmission produce a single received signal
at each position, related to the response signal at one surface
of the plate, unlike fully mode-separation, where two signals
are obtained for each generation source. Those relate to a
non-mode converted signal and a mode-converted signal,
which are only obtained when separation in reception is per-
formed through the sum of responses on the upper and lower
surfaces of the plate, see (3). A similar set of signals can be
plotted for the generation of the SH0mode, but are not shown
here for the sake of brevity. In order to avoid interference from
reflections at the plate’s end, a time gate for the reflected and
transmitted waves, shown in Fig. 4 to 9 by the red vertical
lines, is defined; the blue vertical lines define the incident
wave. These gates are defined by the expected arrival time
of the reflected and transmitted modes, according to their
group speed. Only signals arriving within these gates are
used further in the feature extraction procedure, and they will
be referred to as patches hereinafter. It is worth mentioning
that only the simulated signals that have an experimental
counterpart were displayed in Fig. 4, 6, and 8, to facilitate
visualization and comparison. All the 1230 cases previously
mentioned were used during the construction of the dataset,
and consequently in the training of the ML models.
IV. CORROSION-LIKE DEFECTS ESTIMATION METHODS
In the present section, we state the methods used in the
overall data-driven modeling construction activity. Fig. 10
summarizes all the steps generally performed for the creation
of predictive models. Below we describe each of these steps,
together with a description of what was defined in the present
work with justifications.
FIGURE 10. Predictive modeling general procedure. The model can be
reiterated according to model validation metrics, going back to any of the
previous steps. Note that the step-by-step approach gives this recurrence,
as the data-driven modeling is inherently iterative.
A. DATA COLLECTION
Data from experiments and simulations are used in the present
paper. The former is used to validate the model, while the
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latter is used to create it. In the present paper, we show that it
is possible to create a data-drivenmodel using simulated data,
that can be validated with experiments when the high-fidelity
model operates inside the envelope defined by the measure-
ments. The confirmation of such a modeling approach is
important, as in many cases data is expensive to measure,
making data-intensive predictive modeling for damage esti-
mation non-viable in such scenarios. It is worth highlighting
that the computation time for each simulated sample is in the
order of few minutes, whereas the whole experimental data
acquisition for each sample, including specimen machining
and experimentation, can take over one day of work. Details
of the FEM model used to generate the training data are
provided in Section III, together with the experimental data.
B. PRE-PROCESSING
The raw data that we use for testing the model should be
pre-processed, in order to produce valid results when the
supervised mathematical model is employed. In this paper,
we use data normalization, and we look for the correct time
window of interest. We detail each of these pre-processing
tasks below.
• Normalization: Considering linearity, we multiplied the
measurements by the inverse of the maximum abso-
lute amplitude of each incident wave. In this way, all
amplitudes of the transmission and reflection are stan-
dardized with no loss of information. The amplitude of
experimental and simulated signals differ, mainly due to
attenuation, which was not introduced in the numerical
simulation. Therefore, the amplitude of the experimental
signals was also corrected, based on the same case of the
simulated wave signal within the proper time windows.
• Time window: We define the time window that contains
relevant information about the transmission and reflec-
tion measurements. The goal is to use the time history
that is most relevant to the phenomenon at hand.
• Mode separation: three different datasets for data-driven
modeling are described in the present work. We con-
structed different models in order to check whether
the mode separation procedure helps to improve the
results for defect size estimation in the ML models. The
mode separation strategies are defined as (i) full mode
separation, (ii) mode separation in transmission, and
(iii) non-separated.
C. FEATURE EXTRACTION
A feature extraction process is necessary to reduce the
high-dimensionality of the time series in such a way, that the
model construction process is possible. The goal is to obtain
features that are sensitive to the defect parameters and can
be representative of the physical characteristics of received
signals in a reduced dimension, when compared to the full
amount of samples of the time series, that are subsequently
used as inputs for the model [58]. In the present work,
we focus on simple feature extraction for signals in the time
TABLE 1. Description of the features used in the scope of the present
paper. For all (i)-(iii) strategies of mode separation in the pre-processing,
we obtain each of the features described below. They consist of time
domain features, as well as simple statistics. By using simple feature
engineering, we are able to provide fast yet informative solutions for
supervised learning.
domain, as it is simpler and less computationally intensive.
Table 1 summarizes the features tested in the present work.
They have been used elsewhere, mainly in health monitoring
applications such as [58], [59], and carry basic time history
and statistical information.
The number of total features depends on each of the
cases (i)-(iii) for mode separation. In case (i), the L2-energy
norm, the curve length, the Kurtosis, and the self-explanatory
amplitude related features (7 features) are extracted from
the 8 patches of signals, resulting in 80 features. Besides
those features, the transmission and reflection coefficients
culminate in 8 new features. All of those features added to the
two Pearson correlation coefficients, yields a total of 90 fea-
tures. All the features that are previously extracted from the
8 patches in case (i), are obtained for only 4 patches in case (ii)
and case (iii), resulting in 40 features in these cases. Recall
that case (i) results in two signals for each generation source
in each position, as explained in the previous section, whereas
cases (ii) and (iii), result in just one signal at each position,
thus presenting a different number of patches. Reflection and
transmission coefficients add 4 more features, that together
with the two Pearson correlation coefficients, sums up to
46 features.
It should be noted that this step is important for ensuring
the benefits of the mode separation scheme. It can improve
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the ML model construction for defect detection for two main
reasons; (i) the presence of multi-modes in the received sig-
nals makes the feature extraction stepmore complicated since
more complex signals are generated due to the interference
of multi-modes, and (ii) since approximately twice as many
signals are available when full mode separation is adopted,
additional features are available, and thus richer information
is provided to the ML models, so that their overall results are
improved.
D. TARGET VARIABLE DEFINITION
We set the target of the model as the damage indices to be
predicted on the basis of the guidedwave characteristics given
in Subsection IV-C. As the definition of whether there is a
defect or not can be inferred by only visualization of the SH
ultrasonic guided-waves response field, the same cannot be
stated in such a specific manner to the severity of the defect.
The severity of the defect is measured by the relative area
of the thinned defect. Namely, in Fig. 2, the severity of the
defect will be given by the area of the trapezoid that varies
as a function of α and d normalized per the maximum defect
area in the plate.
We perform two types of ML models in the present work,
based on the area of the defect:
• Regression: the area of the defects are normalized
between [0, 1], which correspond to the minimum and
maximum areas, or the nominal condition and largest
area of the defect-like corrosion respectively. The nor-
malized values are then used as the target variable.
• Classification: the classification model categorizes
the area of the defects into three regions, namely
low ([0, 0.3[), medium ([0.3, 0.6[) and high severity
([0.6, 1]).
E. SUPERVISED LEARNING
The extracted features and respective labels representing
damage indices (for regression and classification) can be
viewed as input-output pairs, which can be employed by any
supervised learning, in order to solve the defect estimation
problem. In the present work, we solved the regression and
classification ML problems with multilayer perceptron artifi-
cial neural networks (MLP) and linear models (LM).
The linear model was first adopted in order to check if
a simple linear solution could successfully solve the prob-
lem, and so assess the difficulty of the damage estimation.
We adopted a simple linear regression and linear discriminant
analysis for regression and classification problems respec-
tively. Since its performance was not satisfactory, non-linear
models with greater prediction capability, such as artificial
neural networks were adopted, and turned out to dramatically
improve the results. We tested different architectures for the
MLPs, a strategy to tune hyperparameters of the model, vary-
ing the number of hidden layers and the number of neurons
in each of these layers. The number of hidden layers is set
from 1 ({X}) to 3 ({X X X}) and the number of neurons in
each of these layers as 10 (X = 10), 50 (X = 50), or 100
(X = 100). We adopted a classical multilayer perceptron
setup with an MSE loss function, hyperbolic tangent as the
activation function in the hidden layers, the output layer for
the classification model as a softmax function [59], while
for the regression a linear function was used. The scaled
conjugate gradient (SCG) backpropagation is adopted as the
learning algorithm [60]. The training data were generated by
FEM simulations, and in every model construction, 85% of
the data were used to train while 15% were used to validate
the model, and a stopping criterion was used in order to
avoid overfitting. In order to statistically evaluate the results,
all the supervised learning models were executed 33 times
with different random seeds. Therefore, different optimum
weights are found for the many executions and architectures
performed. In order to compare different mode separation
strategies for feature extraction, we use performance met-
rics, tailored to evaluate classification and regression prob-
lems, namely, accuracy, Kappa coefficient, Confusion Matrix
(CM), the Receiver Operating Characteristic (ROC) curve,
the area under the ROC curve (AUC), coefficient of deter-
mination (R2), and area under the accuracy curve (AUAC).
For details regarding the aforementioned metrics please refer
to [59].
V. RESULTS
In the present section, we present the results when applying
classification and regression-based supervised learning with
linear models and artificial neural networks, to the problem
of defect estimation using SH guided waves and mode sepa-
ration. The presentation of the results is divided in classifica-
tion and the regression-based solutions, which are explored
respectively in Subsections V-A and V-B.
A. CLASSIFICATION RESULTS
‘The classification with linear and MLP models was divided
according to the mode separation considered as the signal
pre-processing methods, namely, (i) full mode separation,
(ii) mode separation in transmission, and (iii) non-separated
signals. Table 2 reports the results. In case (iii), results
achieved by the MLPs are satisfactory, with mean accuracy
ranging from 0.73 to 0.81 and best accuracy reaching 0.9118.
Results of the case (ii) are also shown. The mean accuracy
dropped to a range between 0.69 and 0.80, and the best accu-
racy remained 0.9118. The latter was not able to improve the
results of MLP models, compared to case (iii). Interestingly,
the outcomes when SH modes are separated in reception
produced the best results, that is after interaction with a
defect, case (i). In this case, the best accuracy was actually
0.9706. The range of mean accuracy also improves, varying
from 0.79 to 0.85.
Additional metrics were investigated for the best-trained
models from each mode separation. When looking at Fig. 11,
one can notice the CMs for each case. Case (i) made only
one single misclassification, classifying one high severity
sample as medium severity. The best-trained models from
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TABLE 2. Results in terms of accuracy and Kappa metric for all the classification models tested using the data pre-processing cases (i)-(iii). The
improvement concerning the error rate of the nonlinear models compared to the linear ones are 90%, 63%, and 67% for (i) full mode separation,
(ii) mode separation in transmission, and (iii), respectively. When we compare the best models for each mode separation cases (i)-(iii), we have for the
error rate 67% improvement in case (i). We can see by the results that the nonlinear models with full mode separation strategy perform better.
TABLE 3. Performance metrics for the best cases of each mode
separation. Rates such as the TPR and FPR are depicted for each class
and considering a macro and micro average. Case (i) obtains the best
rates in every class and in both types of average considered.
cases (ii) and (iii) missed two additional samples, stemming
from the low severity class and the high severity one. It is
important to compare the CMs rates in order to average
values from all the classes. Table 3 depicts the True Positive
Rate (TPR) and False Positive Rate (FPR) from all the classes
and, also, displays two types of average. The macro average
considers a simple average of the results from all classes,
while the micro average takes into account the true positives,
false positives, true negatives, and false negatives of each
individual class. The latter is more adequate to unbalanced
datasets which is the current situation. As we can see, case
(i) has the greatest TPR in every class and every type of
average as well as the lowest FPR. Cases (ii) and (iii) have
similar results as expected, since both models missed samples
from the same classes. Finally, one can also observe the
ROC curves and AUC for the best cases in Fig. 12. ROC
curves for each class and micro and macro averages are
shown in Fig. 12(a) to 12(c) representing cases (i) to (iii),
respectively. It is important to mention that the closer the
AUC is to 1, the better. The lower its value is, the closer the
curve is to a random classifier (AUC ≈ 0.5, represented by
the dotted black diagonal line). Case (i) is shown to have
the best AUC in all classes, with the exception of the high
severity. Case (ii) obtained considerablyworse results overall.
Looking at Fig. 12(d), we can observe themicro averageAUC
from every case overlapped. When considering the AUC and
ROC metrics, case (i) still yields the best performance. This
indicates that the mode conversion phenomenon, and the con-
sequent mode-mixing of converted modes, indeed produce
received signals that are more complex to analyse. When the
modes are fully separated, the analysis is simplified and better
results may be achieved as we have shown.
Concerning the tuning of the architecture of the models,
no specific number of neurons or number of layers generally
obtains the best results. However, according to the best mode
separation, case (i), a single layer with 10 neurons, and an
MLP with three hidden layers with 50 or 100 neurons are the
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FIGURE 11. CMs for the best cases in all mode separations. (a) case (i),
(b) case (ii), and (c) case (iii). Notice that cases (ii) and (iii) present similar
CMs.
best architectures to adopt, obtaining the best mean accuracy
and the best single accuracy respectively. The train results
are mostly greater than the test results in all cases. This is
expected since the data used is in fact the same utilized to
train the model, that is, the simulated signals.
Lastly, regarding the Kappa coefficient, all the models
showed at least, reasonable results. All results were greater
than 0.5, which validates the fairness of the models. Look-
ing at the linear model accuracy, one can conclude that the
results are not satisfactory when compared to the nonlinear
models based on MLPs, regardless of the pre-processing
cases (i)-(iii). We kept the results of the linear model, to com-
pare the MLP to a baseline and illustrate some of the difficul-
ties with the present case study. In the following, we check
the results of the regression models for defect estimation.
B. REGRESSION RESULTS
Concerning the results achieved by the regression models,
the outcome is reported in Table 4. Case (iii) presents the best
R2 and AUAC, respectively, as 0.9089 and 0.9356, while the
mean AUAC falls in a range from 0.84 to 0.90. The archi-
tecture has a major role in the mean R2, as different MLPs
imply a higher standard deviation for this metric. Case (ii)
reports results slightly different from case (iii). The best R2
is 0.8953 and the best AUAC corresponds to 0.9285. In case
(i) signals, results are far superior to the ones attained by (ii)
and (iii), especially whenwe address themean results of AUC
and R2. Results show, once again, that the mode separation
only in transmission is not sufficient to improve ML results.
Mode-mixing originated from signals’ interactions with the
defects still occurs, regardless of if a single guided-wave
mode is excited. Therefore, full mode separation is the only
FIGURE 12. ROC curves for the best models from all mode separation
cases. Boxes (a), (b), and (c) present the ROC curves and AUC for all
classes jointly with their micro and macro averages for the cases (i), (ii),
and (iii), respectively. Box (d) presents the micro average ROC curves and
AUC of all the mode separation cases. The micro average is the most
adequate in this case since the testing dataset is unbalanced.
separation procedure that actually facilitates the supervised
learning action. The mean R2 achieved 0.8196, while the
mean AUC reached 0.9222. The best AUAC of the signals
is equivalent to 0.9486 and the best R2 is equal to 0.9211.
The linear regression gave poor results when compared to
the ones that originated from the MLPs, regardless of the
mode separation. When we look at the architecture hyper-
parameters, it is observed that different specific numbers of
neurons and hidden layers are the most adequate for each
case. However, the best results are obtained with case (i),
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TABLE 4. Results in terms of R2 and AUAC for all the regression models tested using the data cases (i)-(iii). Looking at the best R2 and AUAC, case
(i) obtained the greatest result, 0.9211 and 0.9486 respectively. Once again, another indication that the nonlinear models with full mode separation
achieve the greatest performance.
FIGURE 13. Best test results for true versus predicted response. Note that
results of case (i), achieved by the MLP { 10 10 10 }, are closer to the
dashed line, which represents ideal prediction (R2 = 1).
an MLP with 100 neurons jointly with 3 hidden layers. The
train results are greater than the test oneswhich is as expected,
remembering that the same occurred in the aforementioned
classification results.
TheR2 metric and its performance is highlighted in Fig. 13.
The correlation between prediction and true response is
observed, and the best cases of all the datasets are presented.
It is notable how case (i) results, obtained in the {10 10 10}
MLP architecture, are closer to the ideal prediction, R2 = 1,
which is shown by the dashed black line. The closer the data
is to the line, the higher the R2. The AUAC of the best cases
FIGURE 14. Best test results for the AUAC of the best cases from all
(i)-(iii) mode separations. One can infer that the curve achieved by case
(i) is the one closer to unity.
of the three datasets are also presented in Fig. 14. Notice
how the AUAC of (i) encompasses most of the graph, while
(ii) and (iii) cover a smaller area.
Finally, the classification results can be compared to the
regression results. When comparing the error rate between
the classification accuracy and the regression AUAC, it is
seen that the case (i) dataset achieves a 67% error rate
improvement, while the error rate of the regression AUAC
drops by 30% with the mode separation treatment. In the
classification, the data is classified as three different outputs
(low, medium, and high severity), whilst regression treats the
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data as a continuous output. The choice on which approach is
used depends on whether fine monitoring must be employed
or categorical output is sufficient. In the former, a regression
would be recommended, whereas, in the latter, a classification
strategy suffices. The regression strategy did yield reasonable
results,R2 = 0.9211. Results have shown that a 97.06% accu-
racy is found using classification with full mode separation.
VI. CONCLUSION
In this paper, ultrasonic signals due to the interaction of
SH ultrasonic guided waves with corrosion-like defects in
plates were applied to supervised ML algorithms for defect
estimation. In the frequency-thickness product range con-
sidered for this work, only either the SH0 or SH1 modes
can propagate. They are thus mixed in the time and fre-
quency domain. Additionally, the individual behaviour of
each mode is complex when interacting with the defect,
which includes mode-conversion. These characteristics moti-
vated the application of ML techniques. Moreover, we have
investigated whether the estimation of the defect is facili-
tated and improved if one can remove the effect of mode-
mixing. A baseline-free data-driven model was proposed and
different damage indices for the defect, such as continuous
and discrete, were studied. Both numerical and experimental
signals were used, such that the former served to train the
model and the latter to test it. We have shown that the full
mode separation strategy jointly with the SHM methodology
proposed, has indeed significantly improved the performance
of the data-driven models, since mode-mixing, mainly of
converted modes, produced complicated signals. When full
mode separation is applied, the error rate decreases by 30%
and 67% in the regression-based and classification-based
models, respectively. It is also worth noting that based on the
obtained results, the adopted strategy of restricting simulated
data to train the model and the use of experimental data to
validate it was an effective approach, and that the fidelity
of the simulated signals, shown in Fig. 4 to 9, was high
enough not to impose significant feature loss when compared
to experimental signals.
The results achieved demonstrate the potential this new
technique of analysing SH wave modes interacting with
defects to determine defect size. Future work suggestions
would include comparing the mode separation performance
with more parameters, such as varying the position and length
of the defect, which is already discussed in the literature
with pipes and plates [37], [61]. Another area for future
work is the feature engineering process. Additional feature
extraction methodologies such as principal component anal-
ysis (PCA) [62], linear and non-linear auto-regressive models
[63], and frequency-based features [59] can be explored.
In addition, the importance and ranking of the features can
also be explored [64], [65]. By using decision tree methods
or random cross-validation with different features combi-
nations, one could rank the most important features, and
use these to inform the approach taken, saving time and
providing simpler solutions. From the ML viewpoint, a data
augmentation approach [41], [66] can be addressed for both
the simulated and experimental datasets of this work. Another
approach would be addressing each of the mode separation
datasets with automatic feature extraction - in other words
DL techniques [39] that could use for example convolutional
neural networks [40], [41].
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